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ENVIRONMENTAL ISSUE: In the assessment of dose response, a 1. Model-Averaged Estimates: The information theoretic approach to model uncertainty is fully described in Log-Probit 0 0.317 0.75 80.11  102.19 28.18 35.95 13.13 16.75 051 7 Doorhrobi
number of plausible dose-response models may give fits that are consistent Burnham and Anderson (2002). In brief, model-averaged estimates for a benchmark dose for a dataset are Log-Logistic 1.47 0.152 1.0 46.31 90.94 4.21 17.85 0.42 3.72 o ‘ZVi?;Tﬂﬁlpol ) .
. . . . . . 5 — _ uaz_a Veryan(;mla ,/
with the da_ta. If ho dose response form.ulatlon was specified a priori then calculated by: e 1.47 0.152 1.0 57 2 91.6 4 98 16. 62 0.5 3 24 z Model-Averaged /
i amalye s e wiily Boe eleelsion e wildh moekl [ Seledt [ MEpreseit i 1 Fit (by maximum likelihood) plausible dose-response models to the dataset, and use each to calculate the - g
data. Typically, in this situation the analyst uses a model selection criterion ' y m P P ’ weibul 1.47 0.152 1.0 52.2 92.05 4.98 15.32 0.5 2.64 2
: X : : BMDs of interest.
to derive which model is superior to the others and proceeds to make Quantal 1.47 0.152 1.0 52 .2 93.66 4.98 10.97 0.5 1.12
inferences using this superior model. However, inferences made using the 2. Calculate Akaike Weights from the Akaike Information Coefficient for each model fit: exp(-AIC/2), Polynomial
superior model will result in standard errors which are biased downward normalized so that the weights sum to 1.0 :
SEERIE sy @0 Wel Lo el LIseielilg) o ceeolii: Uik @UECs el 3. Inflate the widths of confidence intervals for each model to account for model selection aebirs 401 0-043 0- 8.7 . 29:99 L9 > :
become significant when using the model to extrapolate away from the data ' ' Logistic 4.49 0.034 0.15 129.63 161.5 20.64 33.85 2.22 3.98 ' ' ' ' ' ' '
e.g. estimation of the BMD (Benchmark Dose). Furthermore, it often 4. The model-averaged BMD and BMDL are the weighted average of the individual values. Model Averaged Estimates 61.28 99.99 3.82 23.03 0.16 7 27 0 50 100 150 200 250 300
transpires that more than one model adequately describes the data, and the 5 Bootstrap: _ Dose
best-fitting model is only trivially better than a number of others. In this ' P- Bootstrap Estimates 57.96  104.23  5.53 32.388 Figure 1
case it becomes problematic to decide which of several models to use for a 1. 1000 bootstrap samples are drawn from the original datasets IAIC of indicated model minus lowest AIC among suite of models
Lengclglﬁcg?z ’\’/alue. Al OF 80350 (850160 1l UTeEr 03 Eeieel s, meeld 2. All models are fit to each sample, and the best fitting model (the model with the lowest AIC) selected. In ’Based on standard Chi-square goodness of fit test: values < 0.05 indicate significant lack of
v case of ties, one of the best-fitting models is selected at random. fit.
3. BMD estimates from the best-fitting models are accumulated over the 1000 bootstrap samples, and Table 1
compared to the model averaged values for the original dataset.
RESEARCH GOALS: The goals of this research are to explore and
evaluate approaches to quantifying the uncertainty of dose-response
predictions arising from uncertainty about the true dose-response model, CURRENT STATUS:
and to develop practical implementations that can be incorporated in EPA’s
BMDS software. The immediate goal is to evaluate the use of information Code for the quantal models has been completed and is being tested for reliability and refined. Data sets for Goal 2
theoretic model averaging for this purpose. The following interim goals are being identified and collected.
define the overall progress of this project:
1. Develop computer code for commonly-used toxicological dose- NOTES on EXAMPLES A AIC Akaike GOF P- BMDL,,  BMD,, BMDL,,  BMDy;  BMDL,,,;  BMDy,,
response models for calculating the quantities required for : _ weights value
information-theoretic model averaging. Uslslfs U el (Fere U: FE— 0 0.259 0.99 9 46 11.92 0.9 1.14 0.09 0.11 o
5 For a selection of toxicological datasets. compare model-averaged In this example, all models adequately describe the data, both from the standpoint of AIC and P-values, but _ ] ' ] ] ' ' ] ' 7
' . . g ; pal crag BMD, s have a nearly 2-fold range, and BMDL,,s a nearly 3-fold range. Weibul 0 0.259 0.99 9.46 11.92 0.9 1.14 0.09 0.11 | -
estimates and confidence bounds to Bootstrap estimates that include _ 0.8 |
model-selection as a characteristic. This determines whether the - Bootstrap confidence intervals, including model selection, are 50% wider than the interval from BMD10 to Quantal Polynomial 0 0.259 0.99 9.46 11.92 0.9 1.14 0.09 0.11
adjustments made by the information-theoretic methodology BMDL10 calculated from best-fitting model, and the discordance between bootstrap, taken as close to truth Log-Logistic p 0.095 -1 4 .34 27 11 0.39 7.79 0.04 2 .34 Z 06 - dva gt
adequately account for model uncertainty in a realistic setting. and model based intervals increases for lower benchmark response rates (BMD;, BMD,). Log-Probit 5 0.095 _ 16.7 26.17 5 g7 10.2 5> 74 5 12 § _ — Egbgj:c
3. F_or a set of datasets simulated from “toy” mechanistic models . Model-averaged confidence limits more closely approximate the bootstrap confidence limits. Logistic 5 2 0.019 0.02 25 84 33.17 2 .92 406 0.3 0.42 o4 / \?Vag"grﬁ
(including PBPK and PD components), compare model-averaged BMDs Model averaging allows extrapolation to lower doses with a reasonable estimate of the reliability of those i ’ ~ - TodsiAveraged
and BMDLs to “true” BMD values derived from the models. This helps estimates ging P Y Probit >.820.014 0.02  25.86 32.2 2.85 3.79 0.29 0.39 21”7 i
evaluate the extent to which information-theoretic confidence bounds ' : o
are reasonable estimates of true BMDs derived under more-or-less Table 2 and Figure 2: Model Averaged Estimates 4.92 15.41 R0 2-73 0.46 0.81 i . . . . .
istic bi ' ' Bootstrap Estimates 6.06 23.15 0.59 6.06
TeElliEe leleplea ESaUmpens. - Here, two models (probit and logistic) fail goodness of fit tests. However, the Akaike weights for them are so ) _ . ° 00 100 0 20 20
4. If warranted, develop a basis or draft of recommendations for the use small that they contribute little to the overall average. residual df = 0 Dose
of model—a\_/erage.d actiss Pl rggulatgry : dose—’response The BMDs based on the best-fitting are biased, compared to bootstrap estimates. Model averaged estimates Table 2 Figure 2
assessment, including source-code for inclusion in EPA’s BMDS :
are less biased.
software package.
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